Quantification of myocardial T1 relaxation has potential value in the diagnosis of both ischemic and nonischemic cardiomyopathies. Image acquisition using the modified Look-Locker inversion recovery technique is clinically feasible for T1 mapping. However, respiratory motion limits its applicability and degrades the accuracy of T1 estimation. The robust registration of acquired inversion recovery images is particularly challenging due to the large changes in image contrast, especially for those images acquired near the signal null point of the inversion recovery and other inversion times for which there is little tissue contrast. In this article, we propose a novel motion correction algorithm. This approach is based on estimating synthetic images presenting contrast changes similar to the acquired images. The estimation of synthetic images is formulated as a variational energy minimization problem. Validation on a consecutive patient data cohort shows that this strategy can perform robust nonrigid registration to align inversion recovery images experiencing significant motion and lead to suppression of motion induced artifacts in the T1 map. Magn Reson Med 67:1644-1655,
Quantification of T1 relaxation is of great importance for the characterization of myocardial tissue to assess both ischemic and nonischemic cardiomyopathies (1) . Before the administration of contrast, an elevated value of myocardial T1 is associated with edema which may be related to the inflammatory response to myocardial injury. Following the administration of a T1-shortening contrast agent, a shortened T1 corresponding to increased contrast agent concentration is associated with fibrotic scar or diffuse fibrosis which has a greater extracellular volume than normal (2) . Quantification of this extracellular volume fraction based on measurement of pre-and postcontrast T1-maps is a topic of high current interest as a means of detecting diffuse fibrosis which is difficult to detect based solely on late enhancement imaging (3) (4) (5) (6) (7) (8) .
While in vivo T1 quantification has been widely utilized in neuro and musculoskeletal imaging (9) , T1 mapping of the heart remains a challenge mainly due to cardiac and respiratory motion (10) . The normal T1 value of myocardium is approximately 950 ms at the field strength of 1.5T, which is on the order of the cardiac cycle (11) . A modified Look-Locker inversion recovery (MOLLI) sequence was recently developed for myocardial T1 mapping (12) . This pulse sequence is ECG triggered and acquires data at end-diastole when the heart is reasonably stationary. Unlike the standard Look-Locker T1 mapping which samples the recovery curve in constant intervals after an initial preparation pulse, this MOLLI sequence, as shown in Fig. 1 , splits the sampling of recovery curve across multiple heart-beats. To obtain sufficient samples for accurate T1 estimation at the desired inversion times (TIs), multiple inversions are used with a number of images acquired for each inversion. All images are acquired at the same end-diastolic phase. Typically 6 to 11 inversion recovery (IR) images are acquired at different TI times as constrained by the limit of reasonable breath-hold duration (2, 8, 12, 13) .
A typical MOLLI scan performs two or three successive Look-Locker experiments and acquires images at the same cardiac phase. While this scheme may largely suppress the influence of cardiac motion, the myocardium does not always remain still across all images mainly due to undesired patient breathing. This is more problematic for subjects who are unable to hold their breath or uncooperative. Respiratory motion due to a failure of breath-holding or due to diaphragmatic drift could, if uncorrected, lead to errors in the pixel-wise estimation of T1 and degrade final maps. Respiratory motion correction is thus necessary for accurate T1-mapping. Figure 2 illustrates motion of the heart and corresponding mismatch while propagating myocardial contours during a breath-held acquisition.
Single shot cardiac imaging techniques which rely on retrospective motion correction for signal enhancement using multiple measurements typically use simple pairwise image registration methods (14) (15) (16) (17) (18) (19) . Successful applications include myocardium perfusion imaging (14) , T2 mapping (15) , free-breathing real-time cine (16) , fat-water separation imaging (17) , and delayed enhancement imaging (18, 19) . Unlike all these scenarios where image registration was directly applied to aligning multiple single-shot frames, the unique challenge to registration of inversion recovery images acquired at different TIs is due to the large variations in image contrast. Image registration is particularly difficult for images acquired close to the signal null-point. Different tissue species with differing values of T1 such as blood, fat, normal myocardium, edematous myocardium, and infarcted myocardium will experience signal nulling at different TIs. Partial volume cancellation at the boundaries between pixels of different T1s will occur when the two species are out-of-phase which further confounds the image registration problem. At certain values of TI there is little or no contrast between adjacent tissues such as blood and myocardium. The change in contrast and appearance may be so significant that registration using either intensity or information based metrics may experience problems as evidenced in Fig. 3 . It is not practical to find a set of TI values that avoid these problems due to the number of different expected values of T1.
In this study, we propose a novel motion correction algorithm based on estimating motion-free synthetic images presenting similar contrast to original MOLLI data by solving a variational energy minimization problem using a partial differential equation. Robust motion correction can be achieved by registering synthetic images to corresponding MOLLI frames. By this way, the difficulty of handling large variations of image contrast of inversion recovery is bypassed. The proposed technique was implemented into the MR reconstruction software and its effectiveness was verified in vivo on a large cohort of patient datasets which were consecutively acquired. We will show here that direct registration of MOLLI with a fixed reference frame leads to poor performance in a large percentage of cases while the proposed technique is highly robust against contrast changes and capable of correcting MOLLI images with different motion patterns and contrast concentrations. With the accurate correction of myocardial motion, the improved T1 mapping can be achieved with suppressed smearing artifacts around myocardium.
MATERIALS AND METHODS
We propose to solve the challenge of changing image contrast by exploiting the known exponential form of inversion recovery and treating the motion and inversion recovery as a joint estimation problem. This is done with an iterative approach based on initial T1 estimates and the generation of a series of motion free synthetic inversion recovery images which are used at each TI for registration with the measured MOLLI images. The initial T1-map is estimated using images acquired at the shortest and longest values of TI, which results in a crude estimate of T1 sufficient to initialize the iterative process. It was determined that although the contrast between the short and long TI images is not identical, these images were suitable for registration since they avoided the FIG. 1 . A MOLLI sequence scheme shows two sets of inversions (Look-Locker experiments) were performed with increasing inversion time (TI) within one breath-hold. A total of eight images are acquired (three from first inversion and five from the second), as shown by the vertical bars. Images were acquired with the specific trigger delay (TD) to select the end-diastole. Each R-R interval is measured and the actual values of inversion time (TI) are used for T1-mapping.
FIG. 2.
A typical MOLLI acquisition with two inversions. Four of eight images are shown here. With the contour overlay (extracted from the second image), it is clear that myocardium motion between heart-beats can be severe. Image registration is particularly difficult for images acquired close to the signal null-point (e.g., the third image in this example), where the signal of blood and myocardium are completely inverted compared to other time points. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.] problem of tissue nulling and partial volume cancellation. The negative values occurring at short TIs are reconstructed as positive following conventional magnitude reconstruction. From the initial estimate of T1 at each pixel, synthetic images are calculated for each of the TI values corresponding to the measured data. The synthetic images are all at a fixed respiratory position and, importantly, each synthetic image has similar contrast to the corresponding measured image, making them suitable for intensity based image registration. Figure 4 illustrates the entire process for MOLLI T1 mapping with synthetic image estimation.
Energy Definition of Synthetic Image Estimation
With the initial rough estimation of T1 recovery, the synthetic image is computed by solving an energy minimization process. Given a group of N frames I (x,y,t n ),n ¼ 1,2,. . .,N as inversion recovery images with different TIs t n , the synthetic image M(x,y,t n ),n ¼ 1,2,. . .,N is defined as a function to minimize the following energy functional: 
Here I(x,y,t n ) are the acquired MOLLI data, S(x,y,t n ) are the inversion recovery images calculated from the initial T1 parameter fitting, M x and M y are 1st order partial derivatives of synthetic images, and the weighting w is described later. The integral is calculated over the entire image sequence. For the inversion recovery MOLLI sequence, the signal intensity of a pixel (x,y,t n ) is defined by the following three-parameter model (20) :
where A, B, and T1* are estimated by a three parameter fit to the measured data after the ''polarity'' has been restores as described next. In Eq. 2, t is the accumulative time from the inversion pulse. T1* is the apparent, modified T1 in a Look-Locker experiment. The inversion recovery described by Eq. 2 results in images that are negative at short TI and become positive after T1-recovery. However, the measured images are positive after magnitude reconstruction, losing the true signal polarity. The approach followed here restores the polarity as presented in (21) by a multifitting approach. The initial fit assumes that alls data points are positive; the second fit inverts the first data point, the third inverts the first two points, and so on. Finally, the case with the lowest residual error is selected. The rationale of Eq. 1 is explained as follows. The first term constrains the distance between synthetic images and original MOLLI images. The second term is the regularizer. It is added to penalize the occasional errors in the original T1 estimate and keep the sufficient SNR of synthetic image. This term does not constrain the smoothness of the temporal behavior. The last term is added to minimize the distance between estimated images and MOLLI signal recovery curve. As the MOLLI signal recovery curve (Eq. 2) is smooth, this term actually implicitly constrains the temporal smoothness of estimated synthetic images.
The weight function w(x, y) is added to keep the edge sharpness in the estimated synthetic image. This function is based on the observation that pixels of same tissue type tend to have the similar signal curve. Therefore, w(x, y) is defined as the sum of correlation coefficients between a pixel and its four neighbors. If the weight for a pixel is smaller than an empirically selected threshold (0.75 for all experiments), it is set to be zero to completely penalize the any smoothing for this pixel.
Minimization Algorithm
Following the calculus of variation (22), the Eq. 1 can be minimized by solving the following Euler equation:
Here the second-order partial derivatives are the natural derivation of regularization item.
Equation 3 can be solved by treating M(x, y, t) as functions of evolution parameter k and solving:
To set up the iterative solution, let the evolving step size be Dk. The @M=@k is computed using the forward difference. The iterative solution of synthetic images is given as follows:
Failed registration of aligning the second image in Fig. 2 to the third using cross-correlation (left) and mutual information (right). The inverted contrast between blood and myocardium and surround tissues make the direct registration a difficult task. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
The steady-state solution of Eqs. 4 and 5 is the desired solution of Euler equation. The resulting model images will minimize the energy function defined in Eq. 1. Note that Eq. 4 is a generalized diffusion equation. The convergence of this kind of equation is theoretically guaranteed if the iteration step Dk is sufficiently small and second-order derivatives are bounded (23) . In all experiments, the convergence was considered to be reached if the reduction of energy function was less then 1e-3 which was generally fulfilled in less than 25 iterations.
To stably solve the Eq. 4, the second-order derivatives are estimated under the scale-space concepts by convolving the synthetic image M k (x, y, t) with the second-order derivative of a small gaussian kernel (24) :
g s (x, y) is the gaussian kernel with the standard deviation s. m, n e {0,1,2} and m þ n 2.
Besides the iterative variational solution of the energy minimization problem, the partial differential equation define in Eq. 3 can be discretized and lead to a direct solution as well. Reformat the N frames I(x, y, t n ),n ¼ 1,2,. . .,N as a 1D vector: N x is the image size along the x dimension and N y is the image size along the y dimension. N is the number of images acquired. Similarly, the synthetic and signal images can be converted asM andS. In this formulation, the energy function is :
Here the regularization item is calculated for the fourneighborhood of every pixel. D 1 to D 4 are the first order derivative operators formatting as a N x N y N Â N x N y N matrix for four neighboring pixels. If the small derivative kernel is used such as basic forward or backward difference, D d is highly sparse. Minimizing Eq. 8 leads to a system of linear equation by computing the derivative toM:
Ind is the identity matrix.
The synthetic image can be computed by solving either Eq. 5 or 9. In practice, we observed that both methods lead to similar results, while the former is more efficient as most computation can be done on a per-pixel basis. The matrix inversion in Eq. 9, although appearing as a direct solution, generally requires an iterative solver such as conjugate gradient due to the size of image matrix involved. Thus, the solver derived from the Euler equation was used in following experiments.
Once the synthetic image is estimated, the registration is performed between every synthetic and corresponding MOLLI images. In practice, we iterated this process twice to further correction all residual motions. For the first iteration, the first and last time points were selected for initial T1 fitting. On the second run, the first and last two points were used. The residual T1-fitting error is displayed in Fig. 5 to illustrate the process.
Image Registration
Given the synthetic frames estimated from the energy minimization process, robust motion correction can be achieved by registering the synthetic images to the corresponding measured MOLLI images in a frame-by-frame manner, since the contrasts of these images are very close. Because of the nonrigid nature of cardiac deformation, a fast variational nonrigid image registration framework (25) is applied as the working-engine. This approach can be considered as an extension of the classic optical flow method. In this framework, a dense deformation field is estimated as the solution to a calculus of variation problem, which is solved by performing a compositional update step corresponding to a partial differential transport equation. The regularization is added by low-pass filtering the gradient images which are in turn used as velocity field to drive the transport equation. To speed up the convergence and avoid local minima, a multiscale image pyramid is created. We selected the local cross correlation as the image similarity measure, as its explicit derivative can be more efficiently calculated than mutual information and still general enough to cope with noise and intensity difference between synthetic and real images, as the former will present similar contrast compared to the later, but no guaranty can be made that rigorous pixel-wise intensity consistency can be produced.
Inline T1 Mapping
With the myocardial motion corrected, the T1 map is generated via the pixel-wise curve fitting using the three parameter signal model (Eq. 2). The downhill simplex minimization algorithm proposed by Nelder and Mead (so-called Nelder-Mead method (26)) is applied. We observed that the simplex method consistently produced similar outputs as the Levenberg-Marquardt minimization (27) , while our experiments show that the former is more efficient probably since this method requires only function evaluations. The downhill simplex minimization was thus used for all processing. After the signal polarity correction, the maximal intensity was used to initialize A, approximating the fully recovered magnetization. B was initialized as A minus the minimal intensity, approximating the magnetization at t n ¼ 0. T1* was initialized as the linearly interpolated zero-crossing time Fig. 4 . From left to right: residual errors of original images, errors of motion corrected images after the first, second and third iteration. For this dataset, the most significant improvement was achieved after the first iteration. More iterations lead to stable residual errors.
estimated from the polarity corrected signal intensity curve.
To make the proposed techniques accessible to clinicians, all processing steps were implemented within the Image Calculation Environment of Siemens MRI system. It provides the functionality of fully automated inline T1 mapping. The processing immediately starts after the reconstruction of all MOLLI images and sends original inversion recovery images, motion corrected images and derived T1 maps to the image database. For the experiments conducted in this study, the MR reconstruction computer was equipped with 8 CPU cores and 16 GB of RAM. Multithreading was utilized when performing the pixel-wise fitting for T1 value estimation. Typical processing time was less than 10 s for one slice, including synthetic image estimation, frame-to-frame registration and the final map computation.
In Vivo Study
MOLLI images were acquired for 50 consecutive patients (27 men, 23 women; mean age 55.4 6 13.2 years) using a clinical 1.5T MR scanner (MAGNETOM Espree, Siemens AG Healthcare Sector, Erlangen, Germany) at the National Heart, Lung and Blood Institute, Bethesda, Maryland. This study was approved by the local Institutional Review Board, and all subjects gave written informed consent to participate. The MR sequence parameters included: inversion recovery prepared MOLLI with balanced SSFP readout, TR ¼ 2. , slice thickness 6 mm, bandwidth 1042 Hz/ pixel. Applied MOLLI protocol consisted of two IR prepared and ECG-gated acquisitions (8 images acquired within 11 heart-beats, 3 from the first IR, and 5 from the second with an interval of three heart-beats to ensure the fully recovery of longitudinal magnetization) which were performed within one breath-hold. For every patient, both pre-and postcontrast acquisitions were performed for either 1 or 2 slices, resulting in a total of 230 MOLLI series (140/90 pre/postcontrast, 128/102 short/long axis, 93/30/5 medial/basal/apical slices for short axis, 90/12 4-chamber/2-chamber view for long axis).
Quantification of Motion Correction
To quantify the accuracy of motion correction, two frames were selected by a human rater for every MOLLI series. Myocardium was manually delineated on each selected image. The criteria of selection are a) myocardium shows discernible movement and b) myocardium bears enough contrast. For series where motion is visible, frames exhibiting movement were picked to highlight the improvement of correction. For series where myocardium is still, frames showing best contrast were picked to minimize the errors of manual segmentation.
After motion correction, the segmented myocardium was propagated to the corrected images using the deformation fields outputted by the image registration. An ideal motion correction will lead to a perfect overlap between segmented myocardium from two frames. Therefore, the overlap rate before and after motion correction was computed as the Dice similarity coefficient (DSC) (28) . For two segmented regions A and B, the DSC is defined as:
This value will be 1 for a perfect overlap and 0 for nonoverlap.
To further evaluate the performance of motion correction, the false positive (FP) and false negative (FN) errors are also computed. FP is defined as the percentage area of segmented myocardium in the first frame that is not labeled in the second and FN is defined as the percentage area of myocardium in the second that is not labeled in the first.
Because the cardiac motion can be nonrigid in its nature, the myocardium boundary errors which is defined as the mean distance between endo/epi contours of two frames are computed for all series as well. While DSC will capture the bulk motion due to failed breath-holding, myocardium boundary error could highlight the local myocardial deformation probably due to imperfect cardiac gating.
To avoid possible bias introduced by only segmenting two frames per MOLLI series, a second human rater was asked to randomly pick up one-third of all 230 series, at least one series per patient. This results in a total of 56 series (32/24 pre/postcontrast, 46/10 short/long axis). Manual delineation of myocardium was performed on every frame for these 56 series by the second human rater. The segmented myocardium was propagated to the corresponding motion corrected images using the deformation fields. Misalignment measures (DSC, FP, FN, and myocardium boundary error) were computed for every frame.
The inter-rater variability was quantified by comparing the manual delineation of two human raters. For every frame segmented by both two raters (2 frames per series for those 56 series), all four measures were computed to estimate the variability.
To quantify the influences of motion correction on T1 values, for those cases where hearts remain completely still, the fluctuation of T1 values before and after correction (T1 ori and T1 moco ) is quantified by computing the mean of relative absolute difference (MAD) for all N pixels within the myocardium:
RESULTS
To verify the necessity of motion correction for inversion recovery images acquired across multiple heart-beats, visual reading was performed for all datasets which were classified into two categories according to the presence of myocardium motion. Noticeable motion was not found in 138 series (no motion, 60%) and was found in 92 series (with motion, 40%). This emphasizes the necessity of the motion correction. Typical examples are given in Figs. 6-8.
To reveal the inadequate robustness of directly registering MOLLI images using a fixed reference (this strategy is referred as 'direct registration' hereafter), the same fast variational nonrigid image registration algorithm was used (same as used for registration with synthetic model images). In current experiments, all frames within a series were registered to the 5th frame which typically exhibited the best contrast between the myocardium and blood. Although the first or last frames have higher SNR, there is insufficient contrast due to fully inversed or recovered magnetization. Due to the variation of T1 values among different tissues and subjects, it is difficult to select a frame consistently presenting good contrast between myocardium and blood-pool.
The direct registration with a fixed reference among MOLLI images with largely varying contrast often leads to unrealistic deformation or failed registration. To measure the failure rate, visual reading was performed on all outputs of the direct registration strategy and unrealistic deformation was found in 176 cases among the whole cohort (77%). In many cases, even the original myocardium was still, the significant contrast changes, especially around the epi-cardial fat region, can drive the registration in the wrong way. This phenomenon was illustrated in Figs. 6-8 . Given the large percentage of failure rate of direction registration, no attempt was made to further quantify the performance of direct registration with fixed reference, because a motion corrected series unlikely offer adequate diagnostic confidence if one or more frames show severe unrealistic deformation.
For all series where motion is discernible, the proposed method corrects the myocardial movement successfully (Figs. 6-8) . Figure 9a shows a bar chart summarizing quantitative measures for cases with myocardial movement. After motion correction, the overlap ratio DSC is increased significantly (P < 0.05) and both FP and FN are reduced (P < 0.05). The myocardium boundary errors go down from 1.4 mm to 1.2 mm, showing the local myocardial deformation is corrected by the synthetic image estimation based registration (P < 0.001). The paired t-test was used to compare all four measures.
Unlike the direct registration, proposed method is robust against contrast changes. For all cases where myocardium is still, the motion correction does not introduce unwanted deformation, which is supported by the close DSC ratios before and after motion correction, as presented in Fig. 9b .
For all cases where heart remains still, the mean MAD is 0.010 6 0.018, indicating an averaged T1 fluctuation of less than $3% after motion correction, which could be due the intensity interpolation during the image registration. Furthermore, visual comparison of T1 maps T1 mapping of heart is required for both pre and postcontrast scenario. This is essential to compute the extracellular volume fraction in either pixel-wise or segmental manner. The motion correction therefore should be fully functional for both pre and postcontrast to maximize its clinical applicability. With the observation that proposed method show consistent performance across the entire data cohort, for all moved cases, four motion correction statistics were computed separately for both pre and post series. Table 1 listed the results showing improved myocardial alignment was achieved for both scenarios. While the improvement of motion correction is significant for both pre and postcontrast cases, the performance does not show significant bias towards either scenarios (P > 0.1 for all four measures).
To avoid possible bias introduced by only segmenting two frames per series, a total of 56 series were randomly selected by the second human rater, including 34 ''no motion'' and 22 ''with motion'' series. The human rater delineated myocardium from every frame. For the 'no motion' cases, the mean overlap ratio DSC is 0.850 6 0.068. After motion correction, the DSC is 0.862 6 0.051. The FP, FN, and BSE show small fluctuations (before motion correction: FP 0.137 6 0.071; FN 0.152 6 0.088; BSE 1.176 6 0.430 mm; after motion correction, FP 0.150 6 0.082; FN 0.148 6 0.080; BSE 1.165 6 0.534 mm). No statistically significant differences were found for 'no motion' cases (P > 0.1 for all four measures). For the moved cases, DSC was increased significantly from 0.779 6 0.136 to 0.828 6 0.085 after motion correction (P < 0.001). FP, FN and BSE were decreased significantly (FP: 0.222 6 0.160 to 0.172 6 0.117, P < 0.001; FN: 0.196 6 0.117 to 0.172 6 0.087, P < 0.001; BSE: 1.789 6 1.009 mm to 1.337 6 0.501 mm, P < 0.001).
The inter-rater variability was estimated by comparing the manual delineations of two human raters. The mean DSC for inter-rater variability is 0.853 6 0.050. FP and FN are 0.129 6 0.099 and 0.065 6 0.037. The boundary error BSE (1.139 6 0.369 mm) is less than one pixel (acquired pixel size: 1.875 Â 2.077 mm 2 ). This validation, although not performed for every frame in current experiment, indicates that for the anatomy with simple geometry such as myocardium, the inter-rater variability is not severe and reasonable reproducibility can be achieved. In particular, DSC measures above 0.7 can be regarded as a satisfactory level of agreement between two independent segmentations (29) . On the other hand, for frames where the contrast between myocardium and blood-pool is insufficient, the inter-rater variability might rise. But these frames are expected to have less influences on the final T1 values as small misalignments tends to be more benign.
T1 maps estimated from corrected inversion recovery images often show reduced motion artifacts. As an illustration, for patients who failed to hold the breath well, the T1 map after correction depicts the myocardium correctly while the maps from original images show smearing due to the heart motion ( Fig. 10) .
DISCUSSION
A method of motion correction for inversion recovery myocardial T1 mapping was developed and validated on a consecutive patient data cohort. With the insights to recognize that largely varying contrast causes major difficulty for robust alignment of MOLLI images, a solution was proposed to estimate intermediate synthetic images bearing similar contrast to the MOLLI images and performing motion correction based on those. We have shown that this scheme leads to highly robust motion correction and does not introduce unrealistic deformation.
Although the theory and derivation of synthetic image estimation was inspired by T1 MOLLI imaging, the problem formulation and its solutions are not limited to inversion recovery only. The formulation will hold if the signal model has an analytic expression or it can be estimated from the image data. For example, in the application of myocardial first-pass perfusion imaging, the independent component analysis has been utilized to extract a signal model and motion correction was achieved by registering the signal model, rather than original perfusion images (30) . Other transformations to derive signal model could include Karhunen-Loeve transform and linear regression (31, 32) .
The entire process consists of pixel-wise T1 fitting, nonrigid image registration and synthetic image estimation. The computation time of frame-to-model registration was $0.1 s per frame and for synthetic image estimation it was $1 s. Within the current implementation, the most time-consuming step was pixel-wise curve fitting ($70% of total processing time). The reason is that to detect the polarity of MOLLI signal for every pixel in the image, the curve fitting computation of inversion recovery three-parameter model has to be performed multiple times until the lowest residual errors are found. Fortunately, since the pixel-wise fitting is independent from each other, the multithreading is employed for speedup. Given the fact that modern MR reconstruction hardware is often equipped with multiple CPU cores, the computational time of curve fitting can be decreased linearly. Besides the parallel computing, other means to avoid the multiple fitting could include performing the T1 estimation on the magnitude signal A x; y ð ÞÀB x; y ð ÞÂexp Àt n =T1 Ã x; y ð Þ ð Þ j j without trying to recover the polarity. It is likely that the discontinuity of signal derivative around the nulling point may degrade the fitting precision; however, the overall accuracy of T1 estimation could still be adequate for synthetic image estimation. Once the myocardial movement is suppressed, the multiple fitting can be applied only once to getting more accurate final T1 map. Other alternatives to accelerate pixel-wise curve fitting include the provision of better initialization for three parameter models by utilizing the local homogeneity of T1 values. The fitting outputs of one pixel can be used to initialize its neighbors if the correlation between their signal curves is sufficiently high. In this way, the number of iterations needed for optimization may be reduced, so does the total computational time. One drawback of this approach is that every pixel cannot be processed independently anymore and the efficiency of multithreading implementation may be compromised. This strategy has not been tested in current experiments as the current processing with multithreading is reasonable. On the platform where multicore hardware is not available, the local homogeneity of T1 values could certainly be helpful for further speedup.
One advantage of proposed method is its fully unsupervised nature. No preprocessing or user interaction is needed and motion corrected MOLLI images and T1 map are computed automatically. We found that it is a major advantage when boosting the clinical acceptance of proposed technique. As a result, all processing steps were implemented in the MR scanner as a part of reconstruction pipeline. The total computational time is less than 10 s for a slice. In the scenario that multiple slices are acquired to cover the myocardium, the processing for every slice could be performed in parallel. Other means to further gain speedup include performing background detection to mask out the air region. Clearly, no computation shall be done for those pixels.
The imaging protocol used in this study still requires performing the image acquisition within one breathhold. It is generally achievable in the clinical setting and reduces possible range of heart motion due to breathing. We have shown that even breath-holding is suggested $40% acquired series in the data cohort present discernible motion, which indicates the necessity of effective motion correction. On the other hand, proposed method has some potential to correct in-plane motion of myocardium in a free-breathing acquisition. The image registration, even nonrigid approaches, may not be capable of correcting large through-plane motion if working on 2D frames (33) . It can limit the applicability of proposed technique on datasets with large R-R interval changes, such as arrhythmias. One possible extension could be detecting and rejecting frames with strong through-plane motion from fitting and registration. To maintain the sufficient number of samples on the inversion recovery curve, more heart beats may be needed. It is a future research topic to extend current framework for freebreathing MOLLI T1 mapping and to handle varied R-R intervals.
A major challenge of MOLLI image registration is the loss of tissue contrast at certain TIs. That is, for some FIG. 9 . Four measures to quantify the improvement of motion correction for better myocardial alignment. For cases with noticeable motion, the myocardium alignment is significantly better after correction. For cases without heart motion, the proposed method does not introduce undesired position changes of heart and local deformation. recovery time TIs, the myocardium is clearly visible while other unfavorable TIs could suppress the magnetization difference between blood-pool and myocardium. The registration between these frames is highly errorprone, as the contents presented in images are different. Even using image similarity measures such as mutual information or normalized mutual information, the robustness of registration was problematic. Mutual information metric may handle variation in contrast but do not cope well with image content occlusion. It is found that the general idea of firstly estimating model images and subsequently registering individual images using the model has been previously employed in different applications (30) . In this article, a motion correction method was developed for MR first-pass perfusion images. Here the model images were estimated using the perfusion signal model with curve fitting and myocardial motion was corrected by registering the perfusion images to corresponding model frames. Although there are similarities between this scheme and our approaches, MR perfusion images are saturation recovery (SR) prepared images that demonstrate fundamentally different contrast than the inversion recovery prepared images used for T1 mapping. In SR prepared images, the net magnetization is always intrinsically positive and the dynamic changes in signal intensity are relatively benign. In contrast, in inversion recovery images, the magnetization can be negative, positive or even zero depending on the time between the IR pulse and data acquisition, which introduces significant variations of tissue contrast between even adjacent frames. Such magnetization polarity information is lost in final MR images that only represent the magnitude of the magnetization. Therefore, previously described methods (14) that employ direct pair-wise alignment of perfusion images are not directly applicable to the T1 mapping. Another significant difference is the algorithms used to estimate model images. Specifically, in our scheme, model image estimation was formulated as an energy minimization problem and solved using a partial differential equation. In contrast, curve fitting without further optimization was used for perfusion images. Although this simple strategy may work well for perfusion, it has limited applicability in the applications where there are significantly fewer samples of intensities and significantly higher variations in contrast among the samples.
CONCLUSIONS
We have presented a novel algorithm to perform the motion correction for myocardial T1 mapping using inversion recovery acquisition. The key idea is to estimate the synthetic images presenting similar contrast changes to original images by solving an energy minimization problem. This approach is fully automated and requires no preprocessing. Thus, it has been seamlessly integrated into the image acquisition and reconstruction pipeline and lead to inline generation of pixel-wise T1 map with motion correction. Our experiments illustrate the robustness and accuracy of this method, which will be the key for its clinical usage.
